Company disclosures greatly aid in the process of financial decision-making; therefore, they are consulted by financial investors and automated traders before exercising ownership in stocks. While humans are usually able to correctly interpret the content, the same is rarely true of computerized decision support systems, which struggle with the complexity and ambiguity of natural language. A possible remedy is represented by deep learning, which overcomes several shortcomings of traditional methods of text mining. For instance, recurrent neural networks, such as long shortterm memories, employ hierarchical structures, together with a large number of hidden layers, to automatically extract features from ordered sequences of words and capture highly non-linear relationships such as context-dependent meanings. However, deep learning has only recently started to receive traction, possibly because its performance is largely untested. Hence, this paper studies the use of deep neural networks for financial decision support. We additionally experiment with transfer learning, in which we pre-train the network on a different corpus with a length of 139.1 million words. Our results reveal a higher directional accuracy as compared to traditional machine learning when predicting stock price movements in response * Corresponding author. Mail: mathias.kraus@is.uni-freiburg. 
Introduction
The semi-strong form of the efficient market hypothesis states that asset prices adapt to new information entering the market [1] . Included among these information signals are the regulatory disclosures of firms, as these financial materials trigger subsequent movements of stock prices [2, 3, 4, 5] . Hence, investors must evaluate the content of financial disclosures and then decide upon the new valuation of stocks.
Here a financial decision support system can greatly facilitate the decision-making of investors subsequent to the disclosure of financial statements [6, 7, 8, 9, 10, 11] .
Corresponding decision support systems, such as those used by automated traders, can thereby help identify financially rewarding stocks and exercise ownership.
Decision support systems for news-based trading commonly consist of different components [6, 8, 9, 10, 11] , as schematically illustrated in Figure 1 . On the one hand, they need to assess the information encoded in the narratives of financial disclosures. For this purpose, a decision support system must rate the content of such disclosures in order to identify which stock prices are likely to surge or decrease. In other words, the system must quantify whether a financial disclosure conveys positive or negative content. For example, a prediction engine can forecast the expected price change subsequent to a disclosure. Afterwards, the trading engine decides whether to invest in a stock given the market environment. It also performs risk evaluations, and, if necessary, applies changes to the portfolio. The resulting financial performance of the portfolio largely depends upon the accuracy of the prediction engine, which constitutes the focus of this manuscript. Here even small improvements in prediction performance directly link to better decision-making and thus an increase in monetary profits. Figure 1 : Schematic illustration of a decision support system for news-based trading. The components are adapted from the systems described in [12, 8, 9, 10, 11] . Here NLP refers to natural language processing. This work focuses on improvements to the underlying prediction engine. onto an vector of length N that serves as input to the predictor. Independent of the varying length m, this predictor always entails the same length N . For this mapping operation, one primarily follows the bag-of-words approach [13, 14] , which we detail in the following.
The bag-of-words approach [13] counts the frequency of words (or tuples, socalled n-grams), while neglecting the order in which these words (or tuples) are arranged. Hence, this approach does not take into account whether one word (or n-gram) appears before or after another.
1 Accordingly, the bag-of-words approach loses information concerning the meaning in a specific context [15, 14, 16] and thus 1 For instance, let us consider the examples "The decision was not good; it was actually quite bad" and "The decision was not bad; it was actually quite good". When counting only the frequency of individual words, one cannot recognize that negation that changes the meaning of "good" and "bad". Similar examples can also be constructed for n-grams. struggles with very long context dependencies that might span several sentences or paragraphs. The aforementioned properties underlying the bag-of-words approach are likely to explain why the accuracy of predictive models forecasting stock price movements on the basis of financial narratives is often regarded unsatisfactory [15] .
As an alternative to the bag-of-words approach, this paper utilizes recent advances in deep learning or, more precisely, sequence modeling based on deep neural networks. When applied to our case, these models allow us to consider very long context dependencies [17] , thereby improving predictive power. The underlying reason is as follows: deep neural networks for sequence modeling iterate over the running text word-by-word while learning a lower-dimensional representation of dimension n. By processing the text word-for-word, this approach preserves the word order and incorporates information concerning the context. Moreover, deep learning provides a very powerful framework when using large datasets in a variety of predictive tasks, as it is capable of modeling complex, non-linear relationships between variables or observations [17] . Among the popular variants of deep neural networks for sequence modeling are recurrent neural networks (RNNs) and the long short-term memory (LSTM) model. Sequence modeling has successfully demonstrated the ability to store even long-ranging context information in the weights of network [17] .
For instance, in the related field of process mining, LSTMs have proven capable of effectively learning long sequences [18] . Hence, sequence modeling also promises improvements to the predictive power of decision support systems for news-based trading.
Despite recent breakthroughs in deep learning, our literature survey reveals that this approach is seldom employed in financial decision support systems. This gives one the impression that the business value of deep learning in practical applications is generally unknown. Accordingly, this paper sets out to address the following two research questions: (1) Can sequence modeling with deep learning improve the prediction of short-term price movements subsequent to a financial disclosure as compared to bag-of-words approaches? (2) Can we further bolster the predictive performance of deep neural networks by applying transfer learning?
As a primary contribution to the existing body of research, this work utilizes deep learning to predict stock returns subsequent to the disclosure of financial materials and evaluates the predictive power thereof. Each of the neural networks entails more than 500,000 parameters that empower various variants of non-linearities. We then validate our results using an extensive collection of baseline methods, which are state of the art for bag-of-words. In addition, we tune the performance of our methods by applying concepts from transfer learning. That is, we perform representation learning (i. e. pre-training word embeddings) using a different, but related, corpus with financial language and then transfer the resulting word embeddings to the dataset under study. Based on our findings, we provide managerial guidelines and recommendations for deep learning in financial decision support.
The remainder of this paper is structured as follows. Section 2 provides an overview of related works on both decision support from financial news and deep learning for natural language processing. Section 3 then presents our baseline models, our network architectures, and our approach to transfer learning. These are utilized in Section 4 to evaluate how deep learning can improve decision support in finance. Finally, Section 5 discusses our findings and highlights the implications of our work for research and management. Section 6 concludes.
Related work

Decision support from financial news
Decision support from financial news is either of an explanatory or predictive nature. The former tries to explain the relationship between financial news and stock prices based on historic data. Specifically, this field of research utilizes econometrics in order to quantify the impact of news, establish a causal relationship between news and stock prices or understand which investors respond to news and how.
Recent literature surveys [2, 3, 4, 5] provide a detailed overview of explanatory works, finding that these commonly count the instances of polarity cues, predefined by manually created dictionaries.
In contrast, predictive approaches forecast the future reception of financial news by the stock market [15, 16] . For this purpose, decision support systems are trained on historic data with the specific objective of performing accurately and reliably on unseen news. The resulting directional accuracy is usually only marginally better than 50 % (and often merely on a subset of the original dataset), which demonstrates how challenging this task is. The approaches vary in terms of the underlying data source and predictive model, which we discuss in the following paragraphs.
The text source can come in various forms such as, e. g., headlines of news stories [19] , the content of newspaper articles [20, 11, 21, 22, 23] or company-specific disclosures [24, 6] . In addition, research widely conducts numerical experiments with financial prices in daily resolution [15] , and we adhere to this convention. For other resolutions, we refer to earlier works [e. g. 25] that further analyze the time dimension of news reception, including latency and peak effects in intraday trading.
In order to insert natural language into predictive models, the bag-of-words approach is widely utilized for the purpose of extracting numeric representations from the textual content [15] . Commonly, additional scalings are applied, such as term frequency-inverse document frequency (tf-idf). Accordingly, this study also utilizes the tf-idf approach for bag-of-words models, as our experiments demonstrate superior performance as compared to word frequencies. This numerical representation is then fed into predictive models, which are then trained on historic news and stock prices. Prevalent predictive models for financial news are naïve Bayes, regressions, support vector machines and decision trees [15] . All these methods perform well in situations with few observations and many potential regressors. Even though deep learning has achieved impressive results in natural language processing [26, 27] , this type of predictive model has been largely neglected in financial text mining. A note-worthy exception is the work in [12] ; however, it implements a very early form of deep learning -namely, recursive autoencoders -which can store context-sensitive information only for the course of a few words and is thus limited to learning simple semantics. The SemEval-2017 competition is currently raising awareness in this regard [28] .
Natural language processing with deep learning
For a long time, text mining was dominated by traditional machine learning methods, such as support vector machines, trained with high-dimensional yet very sparse feature vectors. It is only recently that researchers in the field of natural language processing have started to adapt ideas from advances in deep learning [26, 27] . 2 The utilized deep learning techniques are described in detail in [29, 17] .
The recurrent neural network processes raw text in sequential order [30] . The connections in the neural network form a direct cycle, which allows for the passing of information from one word to the next. This helps the RNN to implicitly learn context-sensitive features. However, the RNN is subject to drawbacks (vanishing gradient problem and short context dependencies), which often prohibit its application to real-world problems [31] .
An improvement to the classical RNN is represented by the long short-term memory model, which is capable of processing sequential inputs with very long dependencies between related input signals [32] . For this purpose, the LSTM utilizes forget gates that prevent exploding gradients during back-propagation and thus numerical instabilities. As a consequence, LSTMs have become state of the art in many fields of research [17] and we thus apply this deep learning architecture in our study on financial decision support.
2 A comprehensive overview on deep learning for natural language processing is given in the tutorial of Richard Socher and Christopher Manning held at NAACL HLT, 2013. URL: http: //nlp.stanford.edu/courses/NAACL2013/, visited on July 6, 2017.
Deep learning in financial applications
Despite being a very powerful framework, deep learning has rarely been used in finance research. Among the few such instances, financial time series prediction is one popular application. Here previous research utilizes an autoencoder composed of stacked restricted Boltzmann machines in order to predict future stock prices based on historic time series [33] . Similarly, the LSTM is applied to predict future stock returns and generates a portfolio of stocks that can yield higher returns than the top 10 stocks in the S&P 500 [34] .
Recent literature surveys [15, 16] do not mention works that utilize deep learning for financial text mining; yet we found a two-stage approach that extracts specific word triples consisting of an actor, an action and an object from more than 400,000 headlines of Bloomberg news and then applies deep learning in order to predict stock price movements [35] . However, this setup diminishes the advantage of deep learning, as it computes word tuples instead of processing the raw text. Closest to our research is the application of a recursive autoencoder to the headlines of approximately 6,500 financial disclosures [12] . This early work trains a recursive autoencoder and uses the final code vector to predict stock price movements. However, this network architecture can rarely learn long context dependencies [17] and thus struggles with complex semantic relationships. Furthermore, the dataset is subject to extensive filtering in order to yield a performance that, ultimately, is only marginally better than random guessing.
Based on our review, we are not aware of any works that utilize recent advances in deep learning -namely, recurrent neural networks or LSTMs -in order to improve decision support based on financial news.
Methods and materials
This section introduces our methodology, as well as the dataset, to predict stock price movements on the basis of financial disclosures. In brief, we compare naïve machine learning using bag-of-words with novel deep learning techniques (see Figure 2).
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Transfer learning Word tokens We specifically experiment with (a) classification, where we assign the direction of the stock price movement -up or down -to a financial disclosure, and (b) regression, where we predict the magnitude of the change. In both cases, we study price changes in terms of both nominal returns and abnormal returns. The latter corrects returns for confounding market movements and isolates the effect of the news release itself.
Dataset
Our corpus comprises 13,135 regulated German ad hoc announcements in English.Act). They have shown a strong influence on financial markets and have been a popular choice in previous research [24, 25] .
Consistent with previous research, we reduce noise by omitting the disclosures of penny stock companies, i. e. those with a stock price below e 5. In addition, we only select disclosures published on trading days. This yields a sample of 10,895
observations. We compute abnormal returns with daily stock market data using a market model whereby the market is modeled via the CDAX during the 20 trading days prior to the disclosure. In the classification task, we label each disclosure as positive (encoded as 1) or negative (encoded as 0) based on the sign of the corresponding return. words on average, which is significantly longer than the documents used in most applications of deep learning in the field of natural language processing. In total, 12,444 unique words appear in our dataset. The distributions of both abnormal and nominal return are substantially right-skewed, as indicated by the 25 % and 75 % percentiles. Our dataset contains a few market movements of larger magnitude due to a number of factors, including mergers and acquisitions, as well as bankruptcy. We deliberately include these values in our data sample as a decision support system in live application can neither recognize nor filter them. We further observe an unbalanced set of labels, a fact which needs to be adjusted for in the performance measurements. For the nominal return, a positive label appears 9 % more frequently than a negative label. To measure the predictive performance, we split the dataset into a training and a test set. The first 80 % of the time frame gives our training data, while the last 20 % defines our test set. This differs from earlier studies which appear to draw hold-out samples from the same time period as the training set [36] . As a drawback, the latter process ignores the chronological order of disclosures and, hence, training would erroneously benefit from data samples that otherwise are only ex post available. 4 We thus follow [37, 38] and split the training and test sets in chronological order.
A similar approach is applied in cross-validation, as detailed later. After splitting, the dataset contains 8,716 disclosures for training and 2,179 for testing.
Baselines with bag-of-words
This section briefly describes baseline models based on bag-of-words. First, we tokenize each document, convert all characters to lower case and remove punctuation as well as numbers. Moreover, we perform stemming [13] , which maps inflected words onto a base form; e. g. "increased" and "increasing" are both mapped onto "increas" [39] . Since we a priori cannot know whether stemming actually improves the predictive performance, we later incorporate this decision as a tuning parameter. Thereby, stemming is only utilized when it actually improves the predictive performance on the validation set. We then transform the preprocessed content into numerical feature vectors by utilizing the tf-idf approach, which puts stronger weights on characteristic terms [13] . Furthermore, we report the results from using unigrams as part of our evaluation. In addition, we later perform a sensitivity analysis and incorporate short context dependencies by employing sequences of adjacent words up to length n to form n-grams.
The selection of baseline predictors includes linear models, such as ridge regression, lasso and elastic nets, as well as non-linear models, such as random forest, AdaBoost and gradient boosting. We also employ support vector machines with both linear and non-linear kernels [40] . These models have been shown to perform well on machine learning problems with many features and few observations [41] ; hence, they are especially suited to our task, where the number of predictors exceeds the number of documents.
Deep learning architectures
We first introduce the RNN, followed by its extension, the LSTM, which can better memorize information [17] . Both network architectures iterate over sequential data x 1 , x 2 , . . . of arbitrary length. Here the input vector x i consists of the words (or stems) in one-hot encoding. Mathematically this specifies a vector consisting of zeros, except for a single element with a 1 that refers to the i-th word in the sequence [17] . This yields high-dimensional but sparse vectors as input. In addition,
we experiment with word embeddings in the case of the LSTM, as detailed below.
Recurrent neural networks
The recurrent neural network [30] allows the connections between neurons to form cycles, based on which the network can memorize information that persists when moving from word x i to x i+1 . The architecture of an RNN is illustrated in Figure 3 .
Let x i be the input in iteration i. Furthermore, A θ denotes the feedforward neural network parameterized by θ, while s i is the hidden state and h i is the output in iteration i. When moving from iteration i to i + 1, the RNN calculates the output h i+1 from the neural network A θ , the previous state s i and the current input x i+1 , i. e.
By modeling a recurrent relationship between states, the RNN can pass information onwards from the current state s i to the next s i+1 . To illustrate this, Figure 4 presents the processing of sequential data by unrolling the recurrent structure.
Figure 3: Schematic structure of a recurrent neural network with input x i , state s i , output h i and one feedforward neural network A θ parameterized by θ. When moving from word i to i + 1, the recurrent neural network can pass information related to the current and previous words on by sending information from state s i to the next state s i+1 . It thereby draws upon previous terms and encodes context dependencies between words.
Theoretically, RNNs are very powerful, and yet two issues limit their practical application [17] . First, vanishing and exploding gradients during training result in numerical instabilities and, second, information usually only persists for a few iterations in the memory [31] . 
Long short-term memory networks
Long short-term memory networks advance RNNs to capture very long dependencies among input signals [17] . For this purpose, LSTMs still process information sequentially, but introduce a cell state c i , which remembers and forgets information, similar to a memory [32] . This cell state is passed onwards, similar to the state of an RNN. However, the information in the cell state is manipulated by additional structures called gates. The LSTM has three of them -namely the forget gate, the input gate and the output gate -each of which is a neural network layer with its own sigmoid activation function. This is schematically visualized in Figure 5 . 
In order to make predictions, the LSTM utilizes the final output h τ and inserts this into an additional feedforward layer [17] . Therefore, one simultaneously optimizes both the activation functions of the gates and this last feedforward layer with a combined target function. During training, we tune several parameters inside the LSTM (see Section 3.4).
In practice, we not only insert binary vectors with words as one-hot encoding into the LSTM, but also utilize word embeddings [27, 42] . Word embeddings construct a lower-dimensional, dense vector representation of word tokens from the originally sparse and high-dimensional vectors, while preserving contextual similarity. We generate word embeddings by the GloVe algorithm [27] and, subsequently, fine-tune them together with the weights of the neurons during the actual training phase.
Model tuning
Algorithm 1 describes the tuning in order to find the best-performing parameters based on time-series cross-validation that employs a rolling forecasting origin [43] .
We first split the training data T into k disjoint subsets T 1 , . . . , T k that are chronologically ordered. Afterwards, we set the tuning range for each parameter, iterate over all possible combinations and over all subsets of T . In each iteration i, we measure the performance perf i of the method on the validation set T i while using the subsets T 1 , . . . , T i−1 from the previous points in time as training. Finally, we return the best-performing parameter setting. 
Transfer learning
Transfer learning performs representation learning on a different, but related, dataset and then applies the gained knowledge to the actual training phase [44] . In 
Results
This section compares the performance of bag-of-words and deep learning architectures on the basis of financial disclosures. The evaluation provides evidence that deep learning is superior to traditional bag-of-words approaches in predicting the direction and magnitude of stock price movements. In addition, our results clearly demonstrate additional benefits from using transfer learning in order to further bolster the performance of deep neural networks. We report the following metrics for comparing the performance of both regression and classification tasks. In case of the former, we compute the root mean squared error (RMSE), the mean squared error (MSE) and the mean absolute error (MAE) in order to measure the deviation from the true return. Our classifications specifically compare the balanced accuracy, which is defined as the arithmetic mean of sensitivity and specificity, in order to account for unbalanced classes in our dataset. For the same reason, we also provide the area under the curve (AUC).
Classification: direction of nominal returns
We now proceed to evaluate the classifiers for predicting the direction of nominal returns. The corresponding results are detailed in Table 2 . The first row reflects the performance of our naïve benchmark when using no predictor (i. e. voting the majority class). It results in an accuracy above average due to the severe class imbalance. This also explains why we compare merely the balanced accuracy in the following analysis. Among the baseline models from traditional machine learning, we find the highest balanced accuracy on the test set when using the random forest, 
Classification: direction of abnormal returns
Regression: nominal returns
While the previous section studied the accuracy in terms of classifying the direction of stock price changes, we now incorporate the nominal magnitude of the price Table 3 : Out-of-sample results from classifying the direction of the abnormal return. Values in bold indicate models that outperform both the naïve baseline and traditional machine learning.
adjustment. The corresponding results from the regression task are given in Table 4 .
With regard to the baseline models, only support vector regression yields favorable results in comparison to the naïve approach (which represents the mean return of the training set). Its performance stems from choosing a radial basis function kernel and setting the cost to 0.05. While the previous section studied the accuracy in terms of classifying the direction of stock price changes, we now incorporate the nominal magnitude of the price adjustment. The corresponding results from the regression task are given in Table 4 . With regard to the baseline models, only support vector regression yields favorable results in comparison to the naïve approach. Its performance stems from choosing a radial basis function kernel and setting the cost to 0.05.
The performance of the RNN is consistently inferior to both the naïve approach and traditional machine learning. However, the LSTM outperforms the baselines on all metrics. It reduces the mean squared error of the random guess by 1.950 or 5.08 %. Here word embeddings diminish the predictive performance, since they increase the mean squared error of the LSTM by 0.105.
Again, favorable results originate from transfer learning across all deep learning models, highlighting the benefits of the additional pre-training. Overall, the LSTM with pre-training and word embeddings performs best, decreasing the mean squared error by 2.053 (i. e. 5.34 %) compared to the naïve approach. Table 4 : Out-of-sample results from regressing the nominal return. Bold values indicate models that outperform all baselines (i. e. naïve and traditional machine learning). Table 5 evaluates the regression task with abnormal returns, which corrects for confounding market movements. Here the elastic net achieves the lowest mean squared error among the traditional machine learning models, amounting to 37.614, which is −0.930 below the naïve benchmark.
Regression: abnormal returns
Among deep learning approaches, the LSTM with word embeddings achieves the lowest mean squared error, outperforming the naïve approach by an absolute reduction of 2.281. This model corresponds to choosing a learning rate of 0.0005 and 50-dimensional vectors. In contrast to the previous regression task with nominal returns, we observe mixed results when incorporating word embeddings: doing so decreases the mean squared error, but increases the mean absolute error.
Using transfer learning further improves the prediction performance of LSTMs.
It shrinks the mean squared error by an additional 0.110 and 0.083 for the classical LSTM model and the LSTM model using word embeddings, respectively. Overall, the LSTM with pre-training and word embeddings outperforms the naïve approach by an absolute value of 2.364 (i. e. 6.1 %) in terms of mean squared error.
Sensitivity analysis
We now investigate the sensitivity of our models to modifications in their parameters (see online appendix for details). We first explore the effect of introducing ngrams within traditional machine learning models and varying the size of n. In short, in the classification task with abnormal returns, bag-of-words models indicate mixed results when changing the length of n-grams (i. e. bigrams and trigrams). For instance, the test accuracy of ridge regression improves by 0.3 percentage points when utilizing bigrams compared to unigrams, but decreases by 0. 4 and, more importantly, none of our experiments resulted in a performance that is superior to LSTMs.
We empirically investigate whether the deep neural network can store long sequences that span a complete sentence or even more extensive text passages. For this purpose, we shorten each document and merely extract the first words. We then train a deep neural network with this shortened text fragment in order to determine whether the deep neural network with the complete documents yields a superior predictive performance. Due to space constraints, we only detail the regression task with abnormal returns for an LSTM with word embeddings. As a result, the RMSE on the test set attains a value of 6.162 when considering merely the first sentence, 6 .184 when restricting the document to the first 50 words and 6.114 for the first 100 words. Here we observe that all experiments result in a worse predictive performance than the network with the complete documents (RMSE of 6.022). This implies that the neural network can learn to store even long sequences in its weights.
Deep learning usually works as a black-box approach and, as a remedy, we contribute to explanatory insights as follows: we draw upon the finance-specific dictionary from Loughran-McDonald that comprises terms labeled as either positive or negative, where the underlying categorization stems from subjective human ratings.
We then treat each word as a single document and insert them as input into our deep neural network. The resulting predictions allow us to infer whether a word links to a positive or negative market reaction. In other words, the prediction scores the polarity of the words and specifies how markets perceive them. We show an excerpt in Table 6 , while the supplementary materials provide the complete list. 
Discussion
Comparison
We additionally compare our predictive performance of stock market movements to earlier publications studying the same financial disclosures. However, the results are often not comparable, as different papers utilize additional (subjective) filter rules, report accuracies instead of balanced accuracies, incorporate other splits into training and test sets, or neglect to perform time-series cross-validation. We refer to previous literature overviews [45, 15] for a comparison of predictive accuracy across different news sources.
In short, the SVM-based approach in [45] is fed with a different time frame (starting in 1997), which results in a skewer distribution of positive and negative labels, with 58.3 % of them being positive. Since the authors do not report a balanced accuracy, we cannot make a fair comparison. Furthermore, they train their classifiers without temporal distinction, resulting in an over estimated performance.
Hence, we replicated their experiments with 2-gram and 3-gram SVMs using our dataset, training processes and evaluation metrics. However, the performance of the SVM-based approach is substantially inferior to that of deep learning. The recursive autoencoder in [12] splits the announcements into three classes (up, down or steady) according to the abnormal return and then discards the steady samples a priori. Moreover, their approach relies merely upon headlines and reports the accuracy (56 %) instead of the balanced accuracy. Furthermore, their accuracy is lower than ours due to the advanced deep learning architectures. By additionally incorporating the discourse structure, the authors of [46] achieve a balanced accuracy amounting to 54.32 % for the same dataset. However, this performance is yet again inferior to that of deep and transfer learning.
Generalizability and limitations
The aforementioned models based on deep learning are not limited to sentiment analysis or natural language processing, but can be beneficial in any task of advanced complexity, such as time series prediction, voice control or information retrieval.
In this respect, deep learning can help to encode context information that spans multiple words or even sentences.
The majority of deep learning architectures are trained in a supervised fashion and thus need a sufficiently large labeled dataset. This requirement can be partially relaxed by transfer learning, which first performs representation learning on a different, but related, dataset and then solves problems regarding the actual data.
For instance, decision support from financial disclosures can benefit from systems trained on a different type of news. To do so, one first tunes the parameters on the basis of general finance-related narratives in order to acquire a basic understanding of language in a finance-specific context and, in a next step, tailors the weights in the output layer to the particular problem.
In comparison to classical machine learning tasks, accurate predictions based on financial news are still difficult to obtain due to the complexity of natural language and the efficiency of markets where historic prices contribute only marginally to explaining future returns [47] . Both difficulties underline the necessity for more complex models in the field of deep learning. Nevertheless, even minor improvements in the predictive performance can result in a considerable economic impact. For this reason, we assume a portfolio of $1,000, one year with 200 trading days and each with a single disclosure that triggers a log-return of 5 %. By utilizing a random guess in the prediction engine, this would result in an expected final portfolio of $1,000. A 51 % accuracy increases the monetary value of the portfolio considerably, since the portfolio now attains a log-return of 10 % over the course of the year.
Implications for management
Deep learning is applicable to the improvement of decision support in many core areas of organizations and businesses, such as recommender systems, questionanswering mechanisms and customer support. To further augment potential use cases, the long short-term memory model enables the processing of sequential data, often with unprecedented performance. This model thus allows one to bolster existing tool chains, where traditional predictive models will soon be replaced by deep architectures.
This substitution, however, can be challenging in practical application due to rapid advances in the underlying software libraries. As an example, the above results required considerable adjustments in TensorFlow and Theano, such as regularization to avoid overfitting of the networks. While many pre-trained networks are available for image-related tasks, this is often not the case for natural language processing, which is why we published our trained networks as open-source.
Implications for research
This work demonstrates the achievements of deep learning in relation to decision support systems and, at the same time, presents opportunities for research aimed at the enhancement of transfer learning in natural language processing. Transfer learning has been predominantly applied to image-related tasks; however, empirical results are scarce when it comes to natural language processing. Common obstacles derive from the fact that large, pre-assembled datasets are often not readily available. The incorporation of these large-scale corpora, however, is essential to building powerful models. Therefore, future research might adapt the idea behind the ImageSet dataset and publish extremely large unlabeled and labeled datasets for text classifications.
Conclusion and outlook
Financial disclosures greatly aid investors and automated traders in deciding whether to exercise ownership in stocks. While humans are usually able to interpret textual content correctly, computerized decision support systems struggle with the complexity and ambiguity of natural language.
This paper analyzes the switch from traditional bag-of-words models to deep, non-linear neural networks. Each of the neural networks comprises more than 500,000 parameters that help in making accurate predictions. Thereby, we contribute to the existing literature by showing how deep learning can enhance financial decision support by explicitly incorporating word order, context-related information and semantics. For this purpose, we engage in the task of predicting stock market movements subsequent to the disclosure of financial materials. Our results show that long short-term memory models can outperform all traditional machine learning models based on the bag-of-words approach, especially when we further pre-train word embeddings with transfer learning. We thus identify two critical ingredients for superior predictive performance, namely being able to infer context-dependent information from ordered sequences of words and capturing highly non-linear rela-
tionships. Yet the configuration of deep neural networks represents a challenging task, as it still requires extensive parameter tuning to achieve favorable results. With regard to news-based predictions, it is an interesting question for future research to further detail the gains in predictive performance from deep learning for intraday data (including potential latency effects) and in the long run.
We expect that deep learning will soon expand beyond the realm of academic research and the rather limited number of firms that specialize in predictive analytics, especially as decision support systems can benefit from deep learning in multiple ways. First of all, deep learning can learn to incorporate context information from sequential data. Second, competition will drive firms and organizations towards using more powerful architectures in predictive tasks and, in this regard, deep neural networks with transfer learning often represent the status quo.
